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Supplementary Figure 1: COSMIC authentication overviews for each analysed cell line: (A)

A549, (B) H9, (C) HCT116, (D) HeLa, (E) K562, (F) MCF7, (G) MDAMB231, (H) U2OS.
Datasets with less than 10 overlapping variants are coloured light blue, while those with between
10 and 50 are coloured blue and those with 50 or more are coloured marine blue. The H9 cell
line has no variants overlapping with COSMIC SNVs whatsoever, while most datasets have at
least some overlap.
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Supplementary Figure 2: Distribution of matching (marine blue) and mismatching (blue) of
(A) COSMIC and (B) transcriptome-wide SNVs across the four impact categories for all the
cell lines investigated in the study. As the COSMIC variants contain manually curated data
from known mutations it is not surprising that its impact distribution is skewed towards the
higher categories, while the transcriptome-wide distribution is more skewed towards low impact
variants.
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Supplementary Figure 3: Distribution of matching (marine blue) and mismatching (blue)
heterozygous and homozygous variants in the RNA-seq data for COSMIC authentications in
all the cell lines investigated in the study. While beyond the scope of this study, this could
potentially be an indication of RNA-editing or allele-specific expression, i.e. due to comparing
the mostly DNA-level data from COSMIC to RNA-seq variants.
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Supplementary Figure 4: Transcriptome-wide authentication overviews for each analysed cell
lines: (A) A549, (B) H9, (C) HCT116, (D) HeLa, (E) K562, (F) MCF7, (G) MDAMB231,
(H) U2OS. Datasets with less than 10 overlapping variants are coloured light blue, while those
with between 10 and 50 are coloured blue and those with 50 or more are coloured marine blue.
The H9 cell line that showed no overlap with the COSMIC variants whatsoever is here revealed to
be remarkably stable for transcriptome-wide comparisons across all studied datasets (excepting
one with low data quality).
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Supplementary Table 1: Genotypes of all HCT116 datasets for the KRASG13D mutation
(GRCh38: chromosome 12, position 25 245 347), expecting a heterozygous C/T genotype. Two
datasets did not have any confident variant call for this position, and thus no conclusions can be
drawn regarding their KRASG13D status, positive or otherwise.

Dataset Allele 1 Allele 2 Depth Allelic depth
GSE45332 C T 9 [4, 5]
GSE47488 C T 9 [4, 5]
GSE51254 C T 22 [12, 10]
GSE52429 C T 37 [25, 12]
GSE65030 C T 10 [7, 3]
GSE71900 C T 47 [28, 19]
GSE73317 C T 18 [13, 5]
GSE73588 C T 19 [8, 11]
GSE75440 C T 76 [36, 40]
GSE77841 C T 9 [5, 4]
GSE78506 C T 25 [18, 7]
GSE81601 C T 361 [188, 173]
GSE81795 C T 7 [4, 3]
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Supplementary figures 5 to 12 show transcriptome-wide, pairwise comparisons for all cell lines
studied, individually. Similarity score below 50 is shown as pure white, with a grey colour gradient
from 50 to 90 and a blue gradient up to 100.

Supplementary Figure 5: Transcriptome-wide, pairwise comparisons for the A549 cell line.
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Supplementary Figure 6: Transcriptome-wide, pairwise comparisons for the H9 cell line.
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Supplementary Figure 7: Transcriptome-wide, pairwise comparisons for the HCT116 cell
line.
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Supplementary Figure 8: Transcriptome-wide, pairwise comparisons for the HeLa cell line.
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Supplementary Figure 9: Transcriptome-wide, pairwise comparisons for the K562 cell line.
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Supplementary Figure 10: Transcriptome-wide, pairwise comparisons for the MCF7 cell line.
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Supplementary Figure 11: Transcriptome-wide, pairwise comparisons for the MDAMB231
cell line.

13



Supplementary Figure 12: Transcriptome-wide, pairwise comparisons for the U2OS cell line.
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Supplementary Figure 13: KEGGM functional enrichment of di↵erentially expressed genes.
Each cell was divided into two or three groups of clustered, same-cell pairwise comparisons
depending on the distribution of their respective similarity scores (see Supplementary figure

14) and their significance in the DEG correlation analyses, followed by enrichment analysis of
KEGGM functional units. There is a greater number of enriched KEGG modules in the two
lower similarity groups for MDAMB231 and MCF7 (i.e. ”Medium” and ”Low”), while there are
few or none for the ”High” group. Both groups are similar for H9, while only the ”High” group
in HCT116 contain any enrichments. Interestingly, the ”Low” group in MCF7 consists of only 2
comparisons with similarity below 90, yet still yields significant enrichments. Pathways related to
translation and ribosomal processes are present in all enriched groups (as expected from cancer-
related cell lines), [1] while lipid metabolism, the Hedgehog pathway and mitochondrial functions
can be seen particularly in MDAMB231 (as expected from a breast cancer cell line). [2, 3, 4]
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Supplementary Figure 14: Distributions of similarity scores for each cell line with significant
correlations with either number of DEGs or fold change of DEGs (from Figure 3 in the main
article). While the MDAMB231 cell line has well-distributed dataset comparisons across the sim-
ilarity score range, neither of the other three cell lines has such easily divisible data. It is of note,
however, that the only significant enrichments for the MCF7 cell line (Supplementary figure

13) is for the lowest similarity group, even though it only contains two pairwise comparisons.
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Supplementary Figure 15: Statistically significant correlations between the similarity score
and same-cell pairwise gene expression correlations (Pearson’s R2) using log-normalised (TPM
+ 1); non-significant correlations were not visualised, but are still included in the analysis (see
Supplementary code). This analysis corroborates the di↵erential expression analysis (Figure
3 in the main article) by using the Pearson correlation as a di↵erent measure of similarity, rather
than the original parameters of number of DEGs and fold change of DEGs.

17



Supplementary Figure 16: Statistically significant correlations between the similarity score
and same-cell pairwise gene expression correlations (Pearson’s R2) using log-normalised (TPM
+ 1) for all genes listed as prognostic markers in the HPA. The cell lines H9, K562 and U2OS
were not included in this analysis, as they do not have a corresponding HPA tissue for which
prognostic markers are listed. All other cells were included, but only statistically significant
correlations were visualised (see Supplementary code).
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Supplementary Figure 17: Individual variant impact distributions across the di↵erent cell
lines for the transcriptome-wide comparisons: (A) A549, (B) H9, (C) HCT116, (D) HeLa, (E)

K562, (F) MCF7, (G) MDAMB231, (H) U2OS.
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Supplementary Figure 18: Visualisation of ANOVA and Tukey’s Honest Significant Dif-
ference 99% confidence intervals. Significant intervals are coloured blue, while non-significant
intervals (spanning zero) are grey.
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Supplementary Figure 19: Summary of all cell line-specific COSMIC SNV profiles and the
di↵erent classes they belong to. (A) The verification status of COSMIC variants, i.e. if they
are based on more than a single source or not; (B) the pathogenicity of COSMIC variants, i.e.
if they have been shown to be pathogenic or not; (C) the type of mutations for the COSMIC
variants, i.e. if they are silent, missense or nonsense.
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Supplementary Table 2: Total number of datasets for each country of origin for all the
datasets in the study.

Country Datasets
USA 54

Germany 5
United Kingdom 4

Israel 3
Spain 3
Sweden 3
China 2
Italy 2

Australia 1
Belgium 1
Finland 1
Japan 1

Netherlands 1
Singapore 1

South Korea 1
Switzerland 1

Taiwan 1
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Supplementary Table 3: Correlations between the number of overlaps and the di↵erence in
GEO submission date for each same-cell, pairwise comparisons for the those cell lines that were
significantly correlated with the DEG parameters.

H9 HCT116 MCF7 MDAMB231 U2OS

Overlaps
Correlation 0.132 -0.071 0.250 0.018 0.312
P-value 0.268 0.304 0.018 0.897 0.044

GEO date
Correlation 0.139 -0.139 0.138 -0.111 -0.052
P-value 0.244 0.044 0.194 0.417 0.746
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Supplementary code
This R Markdown document demonstrates how to reproduce the figures included in the article “Analysis of
public RNA-seq datasets reveal genetic heterogeneity in cell line populations”. Data files sdata.1 through
sdata.7 are available in the supplementary data folder, while the file transcriptome.collected.txt is not (due to
its large size of more than 1 GB), but can be supplied upon request. Individual, non-aggregated files from
di�erential expression analyses and KEGG enrichments are also available upon request, again due to file size.

Load required packages

library("dplyr")
library("ggplot2")
library("grid")
library("gridExtra")
library("multcompView")
library("reshape2")
library("scales")
library("tidyr")

Load data

# Read GEO metadata
metadata_full <- read.table("sdata.1.metadata.txt", sep = "\t", header = TRUE,

quote <- NULL, fill = TRUE)
metadata <- unique(metadata_full[c("GSE", "cell.line")])

# Read COSMIC data
data.cosmic <- read.table("sdata.3.cosmic.stats.txt", header = TRUE, sep = "\t")

# Read transcriptome data
data.transc <- read.table("sdata.4.transcriptome.stats.txt", header = TRUE,

sep = "\t")

# Read eSNP-Karyotyping data
data.esnp <- read.table("sdata.5.esnp.stats.txt", header = TRUE, sep = "\t",

stringsAsFactors = FALSE)

# Read COSMIC SNV data
data.cosmic.snvs <- read.table("sdata.6.cosmic.collected.txt", header = TRUE,

sep = "\t", stringsAsFactors = FALSE, fill = TRUE)

# Read DEG data
data.degs <- read.table("sdata.7.degs.txt", sep = "\t", header = TRUE,

stringsAsFactors = FALSE)

# Read prognostic DEG data
data.degs.prog <- read.table("sdata.8.prognostic.degs.txt", sep = "\t", header = TRUE,

stringsAsFactors = FALSE)
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# Load expression data
data.expr <- read.table("sdata.9.expression.correlations.txt", sep = "\t",

header = TRUE, stringsAsFactors = FALSE)

# Load expression data
data.expr.prog <- read.table("sdata.10.expression.correlations.prognostic.txt",

sep = "\t", header = TRUE, stringsAsFactors = FALSE)

# Load transcriptome SNV data
data.transc.snvs <- read.table("transcriptome.collected.txt", header = TRUE,

sep = "\t", stringsAsFactors = FALSE)
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Main article figures

Figure 1

Boxplots of both COSMIC and transcriptome-wide variants and concordances.
# Keep only comparisons within same cell lines
data <- data.transc[data.transc$cell.1 == data.transc$cell.2, ]

# Remove comparisons of the same series
data <- data[data$sample.1 != data$sample.2, ]

# Remove duplicated comparisons
data <- data[!duplicated(data[c("calls", "matches", "concordance", "score")]), ]

# Plot boxplot of all COSMIC calls
gg.ccalls <- ggplot(data.cosmic, aes(x = cell.line, y = cosmic.calls)) +

stat_boxplot(geom = "errorbar", width = 0.15) +
geom_boxplot(fill = "grey90", outlier.shape = NA) +
geom_point(data = data.cosmic[data.cosmic$cosmic.calls == 0, ], colour = "black",

alpha = 0.75, position = position_jitter(w = 0.3, h = 0), size = 1) +
geom_point(data = data.cosmic[data.cosmic$cosmic.calls < 10 &

data.cosmic$cosmic.calls != 0, ],
shape = 21, stroke = 0.5, colour = "black", fill = "white", alpha = 0.75,
position = position_jitter(w = 0.3, h = 0), size = 1) +

geom_point(data = data.cosmic[data.cosmic$cosmic.calls >= 10, ], shape = 21,
colour = "#0d2d59", fill = "#1954a6", stroke = 0.5, alpha = 0.75,
position = position_jitter(w = 0.3, h = 0), size = 1) +

theme_bw() +
theme(legend.position = "none", axis.text = element_text(size = 11),

plot.margin = unit(c(40, 5, 5, 5), "pt"),
axis.title = element_text(size = 15)) +

labs(x = NULL, y = "Number of COSMIC variants")

# Plot boxplot of all COSMIC concordances
gg.cconc <- ggplot(data.cosmic, aes(x = cell.line, y = cosmic.concordance)) +

stat_boxplot(geom = "errorbar", width = 0.15) +
geom_boxplot(fill = "grey90", outlier.shape = NA) +
geom_point(data = data.cosmic[data.cosmic$cosmic.calls == 0, ], colour = "black",

alpha = 0.75, position = position_jitter(w = 0.3, h = 0), size = 1) +
geom_point(data = data.cosmic[data.cosmic$cosmic.calls < 10 &

data.cosmic$cosmic.calls != 0, ],
shape = 21, stroke = 0.5, colour = "black", fill = "white", alpha = 0.75,
position = position_jitter(w = 0.3, h = 0), size = 1) +

geom_point(data = data.cosmic[data.cosmic$cosmic.calls >= 10, ], shape = 21,
colour = "#0d2d59", fill = "#1954a6", stroke = 0.5, alpha = 0.75,
position = position_jitter(w = 0.3, h = 0), size = 1) +

geom_hline(aes(yintercept = 90), colour = "black", linetype = "dotted") +
theme_bw() +
theme(legend.position = "none", axis.text = element_text(size = 11),

plot.margin = unit(c(40, 5, 5, 5), "pt"),
axis.title = element_text(size = 15)) +

labs(x = NULL, y = "Concordance of COSMIC variants (%)")
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# Plot boxplot of all transcriptome calls
gg.tcalls <- ggplot(data, aes(x = cell.1, y = calls)) +

stat_boxplot(geom = "errorbar", width = 0.15) +
geom_boxplot(fill = "grey90", outlier.shape = NA) +
geom_point(data = data[data$calls == 0, ], position = position_jitter(w = 0.3, h = 0),

colour = "black", alpha = 0.75, size = 1) +
geom_point(data = data[data$calls < 50 & data$calls != 0, ], shape = 21,

colour = "black", fill = "white", position = position_jitter(w = 0.3, h = 0),
alpha = 0.75, size = 1) +

geom_point(data = data[data$calls >= 50, ], position = position_jitter(w = 0.3, h = 0),
shape = 21, colour = "#0d2d59", fill = "#1954a6", stroke = 0.5, alpha = 0.75,
size = 1) +

theme_bw() +
theme(legend.position = "none", axis.text = element_text(size = 11),

plot.margin = unit(c(40, 5, 5, 5), "pt"),
axis.title = element_text(size = 15)) +

labs(x = NULL, y = "Number of transcriptome-wide variants")

# Plot boxplot of all transcriptome concordances
gg.tconc <- ggplot(data, aes(x = cell.1, y = concordance)) +

stat_boxplot(geom = "errorbar", width = 0.15) +
geom_boxplot(fill = "grey90", outlier.shape = NA) +
geom_hline(aes(yintercept = 90), colour = "black", linetype = "dotted") +
geom_point(data = data[data$calls == 0, ], position = position_jitter(w = 0.3, h = 0),

colour = "black", alpha = 0.75, size = 1) +
geom_point(data = data[data$calls < 50 & data$calls != 0, ], shape = 21,

colour = "black", fill = "white", position = position_jitter(w = 0.3, h = 0),
alpha = 0.75, size = 1) +

geom_point(data = data[data$calls >= 50, ], position = position_jitter(w = 0.3, h = 0),
shape = 21, colour = "#0d2d59", fill = "#1954a6", stroke = 0.5, alpha = 0.75,
size = 1) +

theme_bw() +
theme(legend.position = "none", axis.text = element_text(size = 11),

axis.title = element_text(size = 15),
plot.margin = unit(c(40, 5, 5, 5), "pt")) +

labs(x = NULL, y = "Concordance of transcriptome-wide variants (%)") +
coord_cartesian(ylim = c(0, 100))

# Arrange on a 2x2 grid
fig_1 <- cowplot::plot_grid(gg.ccalls, gg.cconc, gg.tcalls, gg.tconc,

labels = c("A", "B", "C", "D"), label_size = 20,
nrow = 2, ncol = 2)
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Figure 2

Clustered heatmap of the transcriptome-wide analyses and results.
# Add cell line name to GSE IDs
data <- data.transc
data$sample.1 <- paste0(data$cell.1, ": ", data$sample.1)
data$sample.2 <- paste0(data$cell.2, ": ", data$sample.2)

# Set colour gradient limits
limits <- c(0, 50, 90, 100)

# Plot
fig_2 <- ggplot(data, aes(x = sample.1, y = sample.2, fill = score)) +

geom_tile(colour = "white", size = 0.3) +
coord_equal() +
theme(axis.ticks = element_blank(),

panel.background = element_blank(),
axis.text.x = element_text(angle = 90, hjust = 1, vjust = 0.5),
legend.key.height = unit(1, "in")) +

labs(x = NULL, y = NULL, fill = "Score") +
scale_fill_gradientn(

colours = c("white", "white", "#808080", "#1954a6"),
limits = c(0, 100), values = rescale(limits))
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Figure 3

Correlations of similarity scores versus the number of di�erentially expressed genes (A), the median fold
change of di�erentially expressed genes (B), enrichment of KEGG Module functional units among di�erentially
expressed genes (C), impact-specific similarity scores (D), and ANOVA for mean allelic ratios (E).
# [DEGs]
# Correlations per cell
corrs <- data.frame(cell = character(),

rho.degs = numeric(),
pval.degs = numeric(),
rho.fc = numeric(),
pval.fc = numeric(),
stringsAsFactors = FALSE)

# Correlations for each cell (all degs)
for (cell in unique(data.degs$cell)) {

# Subset for current cell line
current <- data.degs[data.degs$cell == cell, ]

# Correlations
corr.degs <- cor.test(current$degs, current$score,

method = "pearson", use = "complete.obs")
corr.fc <- cor.test(current$median.fc, current$score,

method = "pearson", use = "complete.obs")

# Add results to dataframe
corrs <- rbind(corrs, data.frame(cell = cell,

rho.degs = round(corr.degs$estimate, 2),
pval.degs = round(corr.degs$p.value, 3),
rho.fc = round(corr.fc$estimate, 2),
pval.fc = round(corr.fc$p.value, 3)))

}
corrs

## cell rho.degs pval.degs rho.fc pval.fc
## cor A549 0.59 0.598 0.52 0.649
## cor1 H9 -0.71 0.005 -0.61 0.021
## cor2 HCT116 -0.98 0.000 -0.99 0.000
## cor3 HeLa -0.35 0.146 0.44 0.061
## cor4 K562 -0.12 0.824 -0.31 0.550
## cor5 MCF7 0.70 0.012 -0.84 0.001
## cor6 MDAMB231 -0.68 0.001 -0.58 0.006
## cor7 U2OS 0.71 0.498 0.76 0.452
# Merge with data
data.corrs <- merge(data.degs, corrs, by = "cell")

# Plot correlations: all DEGs
gg.degs.all <- ggplot(data.corrs[data.corrs$pval.degs <= 0.01, ],

aes(x = degs, y = score, colour = cell, shape = cell)) +
geom_point() +
geom_smooth(method = "lm", se = FALSE) +
theme_bw() +
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theme(legend.position = "none",
plot.margin = unit(c(40, 5, 5, 5), "pt")) +

labs(x = "Total number of differentially expressed genes",
y = "Similarity score") +

scale_colour_manual(name = "",
values = c("#4ebfe4", "#e4bf4e", "#4e8ce4")) +

scale_shape_manual(name = "", values = c(15, 17, 16))

# Plot correlations: fold change
gg.fc.all <- ggplot(data.corrs[data.corrs$pval.fc <= 0.01, ],

aes(x = median.fc, y = score, colour = cell, shape = cell)) +
geom_point() +
geom_smooth(method = "lm", se = FALSE) +
theme_bw() +
theme(legend.position = "none",

plot.margin = unit(c(40, 5, 5, 5), "pt")) +
labs(x = "Median fold change of differentially expressed genes",

y = "Similarity score") +
scale_colour_manual(name = "",

values = c("#e4bf4e", "#4ee499", "#4e8ce4")) +
scale_shape_manual(name = "", values = c(17, 18, 16))

# [Prognostic DEGs]
# Correlations per cell
corrs <- data.frame(cell = character(),

rho.degs = numeric(),
pval.degs = numeric(),
rho.fc = numeric(),
pval.fc = numeric(),
stringsAsFactors = FALSE)

# Correlations for each cell (all degs)
for (cell in unique(data.degs.prog$cell)) {

# Subset for current cell line
current <- data.degs.prog[data.degs.prog$cell == cell, ]

# Correlations
corr.degs <- cor.test(current$n_prognostic_degs, current$score,

method = "pearson", use = "complete.obs")
corr.fc <- cor.test(current$median_prognostic_fc, current$score,

method = "pearson", use = "complete.obs")

# Add results to dataframe
corrs <- rbind(corrs, data.frame(cell = cell,

rho.degs = round(corr.degs$estimate, 2),
pval.degs = round(corr.degs$p.value, 3),
rho.fc = round(corr.fc$estimate, 2),
pval.fc = round(corr.fc$p.value, 3)))

}
corrs

## cell rho.degs pval.degs rho.fc pval.fc
## cor A549 0.69 0.130 0.13 0.811
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## cor1 HCT116 -0.98 0.000 -0.98 0.000
## cor2 HeLa -0.19 0.227 0.32 0.049
## cor3 MCF7 0.05 0.748 -0.34 0.027
## cor4 MDAMB231 -0.69 0.000 -0.40 0.003
# Merge with data
data.corrs <- merge(data.degs.prog, corrs, by = "cell")

# Plot correlations: all DEGs
gg.degs.prog <- ggplot(data.corrs[data.corrs$pval.degs <= 0.01, ],

aes(x = n_prognostic_degs, y = score, colour = cell,
shape = cell)) +

geom_point() +
geom_smooth(method = "lm", se = FALSE) +
theme_bw() +
theme(legend.position = "none",

plot.margin = unit(c(40, 5, 5, 5), "pt")) +
labs(x = "Total number of differentially expressed prognostic markers",

y = "Similarity score") +
scale_colour_manual(name = "", values = c("#e4bf4e", "#4e8ce4")) +
scale_shape_manual(name = "", values = c(17, 16))

# Plot correlations: fold change
gg.fc.prog <- ggplot(data.corrs[data.corrs$pval.fc <= 0.01, ],

aes(x = median_prognostic_fc, y = score, colour = cell,
shape = cell)) +

geom_point() +
geom_smooth(method = "lm", se = FALSE) +
theme_bw() +
theme(legend.position = "none",

plot.margin = unit(c(40, 5, 5, 5), "pt")) +
labs(x = "Median fold change of differentially expressed prognostic markers",

y = "Similarity score") +
scale_colour_manual(name = "", values = c("#e4bf4e", "#4e8ce4")) +
scale_shape_manual(name = "", values = c(17, 16))

# [SNV impacts]
# Remove self-comparisons and NA rows
data <- data.transc.snvs[data.transc.snvs$sample_1 !=

data.transc.snvs$sample_2, ]
data <- data[complete.cases(data), ]

# Factorise match/impact columns
data$match <- factor(data$match, levels = c("yes", "no"))
data$impact <- factor(data$impact,

levels = c("HIGH", "MODERATE", "LOW", "MODIFIER"))

# Merge
data <- merge(data, metadata, by.x = "sample_1", by.y = "GSE")
data <- merge(data, metadata, by.x = "sample_2", by.y = "GSE")

# Cell line-specific data
data <- data[data$cell.line.x == data$cell.line.y, ]

# Group per cell line, impact and match
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impact <- data %>% group_by(cell.line.x, impact, match) %>%
summarise(count = n()) %>%
mutate(total = sum(count))

impact

## # A tibble: 64 x 5
## # Groups: cell.line.x, impact [32]
## cell.line.x impact match count total
## <fct> <fct> <fct> <int> <int>
## 1 A549 HIGH yes 528 550
## 2 A549 HIGH no 22 550
## 3 A549 MODERATE yes 16429 17000
## 4 A549 MODERATE no 571 17000
## 5 A549 LOW yes 27469 28498
## 6 A549 LOW no 1029 28498
## 7 A549 MODIFIER yes 50128 51880
## 8 A549 MODIFIER no 1752 51880
## 9 H9 HIGH yes 2610 2653
## 10 H9 HIGH no 43 2653
## # ... with 54 more rows
# Calculate score per cell line impact
impact <- impact[impact$match == "yes", ]
impact$score <- (impact$count + 1) / (impact$total + 5) * 100

# Plot impact distributions
gg.impact <- ggplot(impact, aes(x = cell.line.x, y = score, colour = impact,

group = impact)) +
geom_point(size = 3, aes(shape = impact)) +
theme_bw() +
labs(x = NULL, y = "Similarity score") +
theme(panel.grid.minor.y = element_blank(),

legend.position = "none", plot.margin = unit(c(40,5,5,5), "pt")) +
scale_colour_manual(name = "",

values = c("#a6c6f2", "#4e8ce4", "#1954a6", "#0d2d59"))

# [eSNP-Karyotyping]

# Get eSNP-Karyotyping data
data <- data.esnp

# Find treatment and response columns and rename then
names(data)[grep("cell.line", names(data))] <- "treatment"
names(data)[grep("mean_ar", names(data))] <- "response"

# Remove rows where treatment is missing
data <- data[data$treatment != "", ]

# Make into factors
data$treatment <- factor(data$treatment, levels = sort(unique(data$treatment)))

# Perform ANOVA
model <- lm(response ~ treatment, data = data)
aov <- aov(model)
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# Perform Tukey"s Honest Significant Difference test
tukey.test <- TukeyHSD(aov, conf.level = 0.99)

# Coerce into data frame an get treatment groups
tukey <- as.data.frame(tukey.test$treatment)
tukey$treatment <- row.names(tukey)
names(tukey) <- c("diff", "lwr", "upr", "p.adj", "treatment")

# Separate treatment groups into two columns
tukey <- separate(data = tukey, col = treatment, into = c("treat_1", "treat_2"), sep = "-")
tukey <- arrange(tukey, desc(treat_2), desc(treat_1))
tukey$treatment <- paste(tukey$treat_1, tukey$treat_2, sep = " - ")
tukey$treatment <- factor(tukey$treatment, levels = unique(tukey$treatment))

# Add colour groups based on significance
tukey$colour.groups <- "A"
tukey[tukey$p.adj <= 0.01, "colour.groups"] <- "A"
tukey[tukey$p.adj > 0.01, "colour.groups"] <- "B"

# Proportional width of boxplots
box.width = length(unique(data$treatment)) * 0.09

# Find groups with significant differences
levels <- tukey.test[["treatment"]][,4]
labels <- data.frame(multcompLetters(levels)["Letters"])
labels$treatment <- row.names(labels)
labels <- arrange(labels, treatment)

# Separate groups where applicable
labels <- separate(labels, col = "Letters", into = c("group_1", "group_2"), sep = 1)
labels[labels$group_2 == "", "group_2"] <- labels[labels$group_2 == "",

"group_1"]

# Calculate quantiles for fill colours of boxplots
quantiles <- data %>% group_by(treatment) %>%

summarise(y1 = quantile(response, probs = 0.25),
y2 = quantile(response, probs = 0.75))

# Merge with labels
shading <- merge(labels, quantiles, by = "treatment")

# Find coordinates
shading$x1 <- as.numeric(row.names(shading)) - box.width / 2
shading$x2 <- as.numeric(row.names(shading)) + box.width / 2

# Merge with data
data <- merge(data, shading[c(1,2)], by = "treatment")

# Triangles
group.1 <- c()
group.2 <- c()
triangle <- c()
t1.x <- c()
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t1.y <- c()
t2.x = c()
t2.y <- c()
for (n in c(1:nrow(shading))) {

group.1 <- c(group.1, rep(shading[n, "group_1"], 3))
group.2 <- c(group.2, rep(shading[n, "group_2"], 3))
triangle <- c(triangle, n, n, n)
t1.x <- c(t1.x, shading[n, "x1"], shading[n, "x1"], shading[n, "x2"])
t1.y <- c(t1.y, shading[n, "y1"], shading[n, "y2"], shading[n, "y2"])
t2.x <- c(t2.x, shading[n, "x1"], shading[n, "x2"], shading[n, "x2"])
t2.y <- c(t2.y, shading[n, "y1"], shading[n, "y1"], shading[n, "y2"])

}
triangle.1 <- data.frame(group = group.1, triangle = triangle, x = t1.x, y = t1.y)
triangle.2 <- data.frame(group = group.2, triangle = triangle, x = t2.x, y = t2.y)

# Colour palette
palette <- c("#4e8ce4", "#a6c6f2", "#a6a6a6", "#8c8c8c")

# Change underscores to spaces in treatment names
data$treatment <- gsub("_", " ", data$treatment)

# Boxplot
gg.box <- ggplot(data, aes(x = treatment, y = response, fill = group_1)) +

geom_boxplot(outlier.shape = NA, colour = "#4d4d4d", width = box.width) +
geom_polygon(data = triangle.2, aes(x = x, y = y, group = triangle, fill = group)) +
geom_boxplot(outlier.shape = NA, colour = "#4d4d4d", width = box.width,

aes(fill = NA)) +
stat_boxplot(data = data, geom = "errorbar", width = 0.15,

aes(x = treatment, y = response), colour = "#4d4d4d") +
geom_point(position = position_jitter(w = 0.15, h = 0),

stroke = 0.5, alpha = 0.75, size = 1, colour = "#4d4d4d") +
theme_bw() +
theme(legend.position = "None", plot.margin = unit(c(40,5,5,5), "pt")) +
labs(x = NULL, y = "Mean allelic ratio") +
scale_fill_manual(values = palette)

# Add figure labels
gg.degs.all <- cowplot::plot_grid(gg.degs.all, labels = "A", label_size = 20)
gg.fc.all <- cowplot::plot_grid(gg.fc.all, labels = "B", label_size = 20)
gg.degs.prog <- cowplot::plot_grid(gg.degs.prog, labels = "C", label_size = 20)
gg.fc.prog <- cowplot::plot_grid(gg.fc.prog, labels = "D", label_size = 20)
gg.impact <- cowplot::plot_grid(gg.impact, labels = "E", label_size = 20)
gg.box <- cowplot::plot_grid(gg.box, labels = "F", label_size = 20)

# Arrange in grid
layout <- c(1, 2,

3, 4,
5, 6)

fig_3 <- grid.arrange(arrangeGrob(gg.degs.all, gg.fc.all, nrow = 1),
arrangeGrob(gg.degs.prog, gg.fc.prog, nrow = 1),
arrangeGrob(gg.impact, gg.box, nrow = 1),
nrow = 3)
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Supplementary figures

Supplementary figure 1

COSMIC concordance histograms for each analysed cell line.
# Get data from above
data <- data.cosmic

# Get unique cell lines
cells <- unique(data$cell.line)

# Loop over cell lines
plot_list <- list()
labels <- c("A", "B", "C", "D", "E", "F", "G", "H")
n <- 1
for ( cell in cells ) {

# Subset data for current cell line
data.cell <- data[data$cell.line == cell, ]

# Replace NaN with zero
data.cell[is.na(data.cell$cosmic.concordance), "cosmic.concordance"] <- 0

# Colour groups
data.cell[data.cell$cosmic.matches >= 50, "group"] <- "1"
data.cell[data.cell$cosmic.matches < 50, "group"] <- "2"
data.cell[data.cell$cosmic.matches <= 10, "group"] <- "3"
data.cell$group <- factor(data.cell$group, levels = c("1", "2", "3"))

# Plot
gg <- ggplot(data.cell, aes(x = GSE, y = cosmic.concordance)) +

geom_bar(stat = "identity", position = "dodge", colour = "black", size = 0.3,
aes(fill = group)) +

scale_fill_manual(values = c("#0d2d59", "#1954a6", "#4e8ce4")) +
geom_hline(aes(yintercept = 90), colour = "black", linetype = "dotted") +
theme_bw() +
theme(axis.text.y = element_text(size = 8), axis.title = element_text(size = 17.5),

plot.title = element_text(size = 17.5, hjust = 0.5),
axis.text.x = element_text(size = 12, angle = 90, vjust = 0.5),
axis.ticks.x = element_blank(), legend.position = "none",
plot.margin = unit(c(40, 5, 5, 5), "pt")) +

labs(x = NULL, y = "Concordance (%)", title = cell) +
geom_text(data = data.cell, aes(label = paste0(cosmic.matches, "/",

cosmic.calls)),
position = position_dodge(width = 0.9), vjust = -0.5, size = 2) +

geom_text(data = data.cell, aes(label = paste0(cosmic.concordance, "%")),
position = position_dodge(width = 0.9), vjust = 1.6, size = 2.5,
colour = "white") +

ylim(0, 105) +
annotation_custom(grob = textGrob(label = labels[n], hjust = 0, vjust = -0.625,

gp = gpar(cex = 2.5)),
ymin = Inf, ymax = Inf, xmin = -Inf, xmax = -Inf)

15



gg <- ggplot_gtable(ggplot_build(gg))
gg$layout$clip[gg$layout$name == "panel"] <- "off"

# Add to plot list
plot_list[[n]] <- gg
n <- n + 1

}

sfig_1 <- grid.arrange(plot_list[[1]],
plot_list[[2]],
plot_list[[3]],
plot_list[[4]],
plot_list[[5]],
plot_list[[6]],
plot_list[[7]],
plot_list[[8]], ncol = 3)
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Supplementary figure 2

Global impact distributions for both COSMIC and transcriptome-wide data.
# Get COSMIC SNV data
data <- data.cosmic.snvs

# Factorise COSMIC match/impact columns
data$match.cosmic <- factor(data$match.cosmic, levels = c("yes", "no"))
data$impact <- factor(data$impact, levels = c("HIGH", "MODERATE", "LOW",

"MODIFIER"))

impact <- data %>% group_by(match.cosmic, impact) %>% summarise(count = n()) %>%
mutate(prop = round(count/sum(count) * 100, 1))

# Plot impact
gg <- ggplot(impact, aes(x = impact, y = prop, fill = match.cosmic)) +

geom_bar(stat = "identity", position = "dodge", color = "black", size = 0.3) +
theme_bw() +
labs(x = "\nImpact category", y = "Proportion of COSMIC SNVs in category (%)") +
geom_text(aes(label = count), position = position_dodge(width = 0.9), vjust = -0.5,

size = 2.5) +
geom_text(data = impact[impact$prop > 5, ], aes(label = paste0(prop, " %")),

position = position_dodge(width = 0.9), vjust = 1.6, size = 3.5,
colour = "white") +

geom_text(data = impact[impact$prop < 5, ], aes(y = 0, label = paste0(prop, " %")),
position = position_dodge(width = 0.9), vjust = 1.6, size = 3.5,
colour = "#4d4d4d") +

scale_fill_manual(values = c("#0d2d59", "#1954a6")) +
theme(legend.position = "none", axis.text = element_text(size = 14),

panel.grid.major.x = element_blank(), axis.title = element_text(size = 17.5),
plot.margin = unit(c(40, 5, 5, 5), "pt")) +
annotation_custom(grob = textGrob(label = "A", hjust = 0, vjust = -0.625,

gp = gpar(cex = 2.5)),
ymin = Inf, ymax = Inf, xmin = -Inf, xmax = -Inf) +

ylim(0, 75)

gg <- ggplot_gtable(ggplot_build(gg))
gg$layout$clip[gg$layout$name == "panel"] <- "off"

# Get transcriptome SNV data
data <- data.transc.snvs

# Remove self-comparisons and NA rows (if present)
data <- data[data$sample_1 != data$sample_2, ]
data <- data[complete.cases(data), ]

# Factorise match/impact columns
data$match <- factor(data$match, levels = c("yes", "no"))
data$impact <- factor(data$impact, levels = c("HIGH", "MODERATE", "LOW",

"MODIFIER"))

# Merge with metadata
data <- merge(data, metadata, by.x = "sample_1", by.y = "GSE")

18



data <- merge(data, metadata, by.x = "sample_2", by.y = "GSE")

# Cell line-specific data
data <- data[data$cell.line.x == data$cell.line.y, ]

# Impact stats (transcriptome)
impact <- data %>% group_by(match, impact) %>%

summarise(count = n()) %>% mutate(prop = round(count/sum(count) * 100, 1))
impact <- impact[impact$match == "yes" | impact$match == "no", ]
impact <- impact[-9, ]

# Plot impact
hh <- ggplot(impact, aes(x = impact, y = prop, fill = match)) +

geom_bar(stat = "identity", position = "dodge", color = "black", size = 0.3) +
theme_bw() +
labs(x = "\nImpact category",

y = "Proportion of transcriptome-wide SNVs in category (%)") +
ylim(0, 75) +

geom_text(aes(label = count), position = position_dodge(width = 0.9), vjust = -0.5,
size = 2.5) +

geom_text(data = impact[impact$prop > 5, ], aes(label = paste0(prop, " %")),
position = position_dodge(width = 0.9), vjust = 1.6, size = 3.5,
colour = "white") +

geom_text(data = impact[impact$prop < 5, ], aes(y = 0, label = paste0(prop, " %")),
position = position_dodge(width = 0.9), vjust = 1.6, size = 3.5,
colour = "#4d4d4d") +

scale_fill_manual(values = c("#0d2d59", "#1954a6")) +
theme(legend.position = "none", axis.text = element_text(size = 14),

panel.grid.major.x = element_blank(), axis.title = element_text(size = 17.5),
plot.margin = unit(c(40, 5, 5, 5), "pt")) +
annotation_custom(grob = textGrob(label = "B", hjust = 0, vjust = -0.625,

gp = gpar(cex = 2.5)),
ymin = Inf, ymax = Inf, xmin = -Inf, xmax = -Inf)

hh <- ggplot_gtable(ggplot_build(hh))
hh$layout$clip[hh$layout$name == "panel"] <- "off"

sfig_2 <- grid.arrange(gg, hh, ncol = 2)
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Supplementary figure 3

The distribution of SNV zygosities for COSMIC variants.
# Get data
data <- data.cosmic.snvs

# Zygosity
data[data$cosmic_1 == data$cosmic_2, "cosmic.zyg"] <- "Homozygous"
data[data$cosmic_1 != data$cosmic_2, "cosmic.zyg"] <- "Heterozygous"
data[data$sample_1 == data$sample_2, "sample.zyg"] <- "Homozygous"
data[data$sample_1 != data$sample_2, "sample.zyg"] <- "Heterozygous"
data.hom <- data[data$sample.zyg == "Homozygous", ]

# Zygosity stats
zyg <- data %>% group_by(match.cosmic, sample.zyg) %>% summarise(count = n()) %>%

mutate(prop = round(count/sum(count) * 100, 1))

# Plot zygosity
sfig_3 <- ggplot(zyg, aes(x = sample.zyg, y = prop, fill = match.cosmic)) +

geom_bar(stat = "identity", position = "dodge", color = "black", size = 0.3) +
theme_bw() +
labs(x = "\nGenotype category", y = "Proportion of COSMIC SNVs in category (%)") +
geom_text(aes(label = count), position = position_dodge(width = 0.9), vjust = -0.5,

size = 2.5) +
geom_text(aes(label = paste0(prop, " %")), position = position_dodge(width = 0.9),

vjust = 1.6, size = 3.5, colour = "white") +
scale_fill_manual(values = c("#0d2d59", "#1954a6")) +
theme(legend.position = "none", axis.text = element_text(size = 14),

panel.grid.major.x = element_blank(), axis.title = element_text(size = 17.5))
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Supplementary figure 4

Transcriptome-wide concordance histograms for each analysed cell line.
# Get transcriptome stats
data <- data.transc

# Unique cells
cells <- unique(data$cell.1)

# Loop over cell lines
labels <- c("A", "B", "C", "D", "E", "F", "G", "H")
n <- 1
plot_list <- list()
for ( cell in cells ) {

# Subset data for current cell line
data.cell <- data[data$cell.1 == data$cell.2 & data$cell.1 == cell, ]

# Median concordance
data.cell <- data.cell %>% group_by(sample.1) %>%

summarise(median.conc = round(median(concordance, na.rm = TRUE), 1),
median.calls = round(median(calls, na.rm = TRUE), 0),
median.matches = round(median(matches, na.rm = TRUE), 0))

# Colour groups
data.cell[data.cell$median.matches >= 50, "group"] <- "1"
data.cell[data.cell$median.matches < 50, "group"] <- "2"
data.cell[data.cell$median.matches <= 10, "group"] <- "3"
data.cell$group <- factor(data.cell$group, levels = c("1", "2", "3"))

# Plot
gg <- ggplot(data.cell, aes(x = sample.1, y = median.conc)) +
geom_bar(stat = "identity", position = "dodge", colour = "black", size = 0.3,

aes(fill = group)) +
scale_fill_manual(values = c("#0d2d59", "#1954a6", "#4e8ce4")) +
geom_hline(aes(yintercept = 90), colour = "black", linetype = "dotted") +
theme_bw() +
theme(axis.text.y = element_text(size = 8), axis.title = element_text(size = 17.5),

plot.title = element_text(size = 17.5, hjust = 0.5),
axis.text.x = element_text(size = 12, angle = 90, vjust = 0.5),
axis.ticks.x = element_blank(), legend.position = "none",
plot.margin = unit(c(40, 5, 5, 5), "pt")) +

labs(x = NULL, y = "Median concordance (%)", title = cell) +
geom_text(data = data.cell, aes(label = median.calls),

position = position_dodge(width = 0.9), vjust = -0.5, size = 2) +
geom_text(data = data.cell, aes(label = paste0(median.conc, "%")),

position = position_dodge(width = 0.9), vjust = 1.6, size = 2.5,
colour = "white") +

ylim(0, 105) +
annotation_custom(grob = textGrob(label = labels[n], hjust = 0, vjust = -0.625,

gp = gpar(cex = 2.5)),
ymin = Inf, ymax = Inf, xmin = -Inf, xmax = -Inf)
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gg <- ggplot_gtable(ggplot_build(gg))
gg$layout$clip[gg$layout$name == "panel"] <- "off"

plot_list[[n]] <- gg
n <- n + 1

}

# Save
sfig_4 <- grid.arrange(plot_list[[1]],

plot_list[[2]],
plot_list[[3]],
plot_list[[4]],
plot_list[[5]],
plot_list[[6]],
plot_list[[7]],
plot_list[[8]], ncol = 3)
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Supplemetary figures 5 to 12

Individual transcriptome-wide heatmaps per studied cell line.
# Get transcriptome data
data.all <- data.transc

# Cells, sizes and sfigure numbering
all_cells <- unique(data.all$cell.1)
sizes <- c(5, 7, 8.5, 11, 6, 7, 6, 5.5)
sfigs <- c(5:12)

# Plot heatmap for each cell line
for (n in 1:length(all_cells)) {

# Current cell line, size and sfig number
cell <- all_cells[n]
size <- sizes[n]
sfig <- sfigs[n]

# Subset for current cell line
data <- data.all[data.all$cell.1 == cell &

data.all$cell.2 == cell, ]

# Set colour gradient limits
limits <- c(0, 50, 90, 100)

# Plot
gg <- ggplot(data, aes(x = sample.1, y = sample.2, fill = score)) +

geom_tile(colour = "white", size = 0.3) +
geom_text(colour = "white", size = 3, aes(

label = paste0(score, "\n(", calls, ")"))) +
coord_equal() +
theme(axis.ticks = element_blank(),

panel.background = element_blank(),
axis.text.x = element_text(angle = 90, hjust = 1, vjust = 0.5),
legend.position = "none",
plot.title = element_text(hjust = 0.5)) +

labs(x = NULL, y = NULL, title = cell) +
scale_fill_gradientn(

colours = c("white", "white", "#808080", "#1954a6"),
limits = c(0, 100), values = rescale(limits))

grid.arrange(gg)
ggsave(paste0("../../images/sfigure_", as.character(sfig), ".png"), gg,

dpi = 300, width = size, height = size)
}
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Supplementary figure 13

Visualisation of KEGGM functional unit enrichments across similarity score distributions.
# Cells with significant correlations
cells.sig <- c("MDAMB231", "MCF7", "HCT116", "H9")
data.degs <- data.degs[data.degs$cell %in% cells.sig, ]
data.degs$cell <- factor(data.degs$cell, levels = cells.sig)

# MDAMB231 bins
mdamb231 <- data.degs[data.degs$cell == "MDAMB231", ]
range <- (max(mdamb231$score) - min(mdamb231$score)) / 3
mdamb231_bins <- c(min(mdamb231$score) + range * 2,

min(mdamb231$score) + range,
min(mdamb231$score))

# Bins for similarity score
bins <- list(list(97.5, 97.49, 0),

list(97.5, 90, 0),
list(96.0, 90, 0),
mdamb231_bins)

# Add bins to data
for (n in seq(1, 4)) {

# Get bins for each cell
current_list <- bins[[n]]
cell <- rev(cells.sig)[n]

# Add bins
data.degs[data.degs$cell == cell &

data.degs$score >= current_list[[3]] &
data.degs$score < current_list[[2]], "bin"] <- "Low"

data.degs[data.degs$cell == cell &
data.degs$score >= current_list[[2]] &
data.degs$score < current_list[[1]], "bin"] <- "Medium"

data.degs[data.degs$cell == cell &
data.degs$score >= current_list[[1]], "bin"] <- "High"

}

# Factorise bins
data.degs$bin <- factor(data.degs$bin,

levels = c("High", "Medium", "Low"))

# Convert to long format and get enriched KEGG modules
long <- melt(data.degs[c("cell", "enriched.1", "enriched.2", "enriched.3",

"enriched.4", "enriched.5", "enriched.6",
"enriched.7", "enriched.8", "enriched.9",
"enriched.10", "bin")],

id.vars = c("cell", "bin"),
value.name = "category")

# Remove empty enrichments
long <- long[!is.na(long$category), ]
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long$variable <- NULL

# Trim long KEGGM category names
long$category <- gsub(",.*", "", long$category)
long$category <- gsub("\\ \\(.*", "", long$category)

# Count frequency of categories
long <- long %>%

group_by(cell, bin, category) %>%
summarise(count = n())

# Reorder categories
long$category <- factor(long$category,

levels = rev(c("Ribosome",
"NADH dehydrogenase",
"Spliceosome",
"Wnt signaling",
"Cholesterol biosynthesis",
"Hedgehog signaling",
"Cytochrome bc1 complex",
"F-type ATPase")))

# Colour palette
palette <- rev(c("#0d2d59", "#1954a6", "#4e8ce4", "#a6c6f2",

"#333333", "#666666", "#999999", "#cccccc"))

# Add missing info for consistent facets
long[nrow(long) + 1, "cell"] <- "HCT116"
long[nrow(long), "bin"] <- "Low"
long[nrow(long), "category"] <- ""
long[nrow(long) + 1, "cell"] <- "MCF7"
long[nrow(long), "bin"] <- "Medium"
long[nrow(long), "category"] <- ""
long[nrow(long) + 1, "cell"] <- "MCF7"
long[nrow(long), "bin"] <- "High"
long[nrow(long), "category"] <- ""

# Plot
sfig_13 <- ggplot(long, aes(x = bin, y = count, fill = category)) +

geom_bar(stat = "identity", colour = "white") +
theme_bw() +
theme(panel.grid.major.x = element_blank(),

panel.grid.minor = element_blank(),
strip.background = element_blank(),
plot.title = element_text(hjust = 0.5)) +
#plot.margin = unit(c(40, 5, 5, 5), "pt")) +

labs(x = "Relative similarity",
y = "Frequency",
fill = "KEGGM function") +

scale_fill_manual(values = palette) +
scale_y_continuous(limits = c(0, 8), breaks = seq(0, 8, by = 2)) +
facet_grid(~ cell, scales = "free_x")

ggsave("../../images/sfigure_13.png", sfig_13, width = 15, height = 5)
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Supplementary figure 14

Distributions of similarity scores for each cell line with significant correlations with either number of DEGs
or fold change of DEGs, used to pick similarity groups for Sfigure 13. For calculations, please see the section
of Figure 4 (above).
plot_list <- list()
for (cell in unique(data.degs$cell)) {

current <- data.degs[data.degs$cell == cell, ]
gg <- ggplot(current, aes(x = score, fill = bin)) +

geom_histogram(binwidth = 1) +
theme_bw() +
theme(legend.position = "none",

plot.title = element_text(hjust = 0.5)) +
ylim(c(0, 8)) +
labs(title = cell,

x = "Similarity score",
y = "Count (comparisons)") +

scale_fill_manual(values = c("#0d2d59", "#1954a6", "#4e8ce4")) +
scale_y_continuous(breaks = seq(0, 10, 2))

plot_list[[length(plot_list) + 1]] <- gg
}

## Scale for �y� is already present. Adding another scale for �y�, which
## will replace the existing scale.
## Scale for �y� is already present. Adding another scale for �y�, which
## will replace the existing scale.
## Scale for �y� is already present. Adding another scale for �y�, which
## will replace the existing scale.
## Scale for �y� is already present. Adding another scale for �y�, which
## will replace the existing scale.

sfig_14 <- cowplot::plot_grid(plotlist = plot_list, ncol = 2)
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Supplementary figure 15

Correlations between the similarity score and Pearson correlations of all expressed genes (measures in TPM).
All correlations were performed with log-normalised (TPM + 1) measures.
# Set current data to expression correlation data
data <- data.expr

# Initialise correlations list
corrs <- data.frame(cell = character(),

corr = numeric(),
pval = numeric(),
stringsAsFactors = FALSE)

# Correlation type
type <- "pearson"

# Correlate per cell
for (cell in unique(data$cell)) {

# Subset for current cell line
current <- data[data$cell == cell, ]

# Correlations
corr <- cor.test(x = current[[paste0(type, "_r2")]],

y = current$score,
method = type,
use = "complete.obs")

# Add siginificant correlations
corrs <- rbind(corrs, data.frame(cell = cell,

corr = corr$estimate,
pval = corr$p.value))

}

# Merge correlations with data
data <- merge(data, corrs, by = "cell")

# Remove non-significant correlations
data <- data[abs(data$corr) >= 0.25 & data$pval <= 0.01, ]

# Labels
data$label <- paste0(data$cell, "\n(Correlation coefficient = ",

format(data$corr, digits = 2),
", p-value = ", format(data$pval, digits = 2), ")")

# Plot
plot_list <- list()
for (label in unique(data$label)) {

current <- data[data$label == label, ]
gg <- ggplot(current, aes(x = pearson_r2, y = score)) +

geom_point(colour = "#1954a6",
alpha = 0.5,
size = 1,
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aes(shape = "a")) +
geom_smooth(method = "lm", se = FALSE, colour = "#0d2d59") +
theme_bw() +
labs(title = label,

x = expression(paste("Expression correlation (", R ^ 2, ")")),
y = "Similarity score") +

theme(legend.position = "none",
plot.title = element_text(hjust = 0.5, size = 8))

plot_list[[length(plot_list) + 1]] <- gg
}

# Save plot
sfig_15 <- cowplot::plot_grid(plotlist = plot_list, ncol = 2)
ggsave("../../images/sfigure_15.png", sfig_15, dpi = 300, width = 7,

height = 10.5)
sfig_15
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Supplementary figure 16

Correlations between the similarity score and Pearson correlations of prognostic genes (expression measures
in TPM). All correlations were performed with log-normalised (TPM + 1) measures.
# Set current data to expression correlation data
data <- data.expr.prog

# Initialise correlations list
corrs <- data.frame(cell = character(),

corr = numeric(),
pval = numeric(),
stringsAsFactors = FALSE)

# Correlate per cell
for (cell in unique(data$cell)) {

# Skip cell lines without corresponding HPA tissue
if (cell %in% c("H9", "K562", "U2OS")) {

next
}

# Subset for current cell line
current <- data[data$cell == cell, ]

# Correlations
corr <- cor.test(x = current$pearson_r2,

y = current$score,
method = "pearson",
use = "complete.obs")

# Add siginificant correlations
corrs <- rbind(corrs, data.frame(cell = cell,

corr = corr$estimate,
pval = corr$p.value))

}

# Merge correlations with data
data <- merge(data, corrs, by = "cell")

# Remove non-significant correlations
data <- data[abs(data$corr) >= 0.25 & data$pval <= 0.01, ]

# Labels
data$label <- paste0(data$cell, "\n(Correlation coefficient = ",

format(data$corr, digits = 2),
", p-value = ", format(data$pval, digits = 2), ")")

# Plot
plot_list <- list()
for (label in unique(data$label)) {

current <- data[data$label == label, ]
gg <- ggplot(current, aes(x = pearson_r2, y = score)) +

geom_point(colour = "#1954a6",
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alpha = 0.5,
size = 1,
aes(shape = "a")) +

geom_smooth(method = "lm", se = FALSE, colour = "#0d2d59") +
theme_bw() +
labs(title = label,

x = expression(paste("Expression correlation (", R ^ 2, ")")),
y = "Similarity score") +

theme(legend.position = "none",
plot.title = element_text(hjust = 0.5, size = 8))

plot_list[[length(plot_list) + 1]] <- gg
}

# Save plot
sfig_16 <- cowplot::plot_grid(plotlist = plot_list, ncol = 2)
ggsave("../../images/sfigure_16.png", sfig_16, dpi = 300, width = 7,

height = 7)
sfig_16
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Supplementary figure 17

Individual transriptome-wide impact distributions for each studied cell line.
# Get transcriptome SNV data
data <- data.transc.snvs

# Merge with cell line metadata
data <- merge(data, metadata, by.x = "sample_1", by.y = "GSE")
data <- merge(data, metadata, by.x = "sample_2", by.y = "GSE")

# Keep only comparisons within same cell lines
data <- data[data$cell.line.x == data$cell.line.y, ]

# Summary statistics
stats <- data %>%

group_by(cell.line.x, match, impact) %>%
summarise(count = n()) %>%
mutate(prop = round(count / sum(count) * 100, 1))

stats$impact <- factor(stats$impact,
levels = c("HIGH", "MODERATE", "LOW", "MODIFIER"))

stats$match <- factor(stats$match, levels = c("yes", "no"))

# Plot impact for each cell line
plot_list <- list()
labels <- c("A", "B", "C", "D", "E", "F", "G", "H")
n <- 1
for (cell in unique(stats$cell.line.x)) {

# Current cell line
impact <- stats[stats$cell.line.x == cell, ]

# Label
label <- labels[n]

gg <- ggplot(impact, aes(x = impact, y = prop, fill = match)) +
geom_bar(stat = "identity", position = "dodge", color = "black", size = 0.3) +
theme_bw() +
labs(x = "\nImpact category", y = "Proportion of transcriptome-wide SNVs in category (%)") +
geom_text(aes(label = count), position = position_dodge(width = 0.9), vjust = -0.5,

size = 2.5) +
geom_text(data = impact[impact$prop >= 2.5, ], aes(label = paste0(prop, " %")),

position = position_dodge(width = 0.9), vjust = 1.6, size = 3.5,
colour = "white") +

geom_text(data = impact[impact$prop < 2.5, ], aes(y = -0.1, label = paste0(prop, " %")),
position = position_dodge(width = 0.9), vjust = 1.6, size = 3.5,
colour = "#4d4d4d") +

scale_fill_manual(values = c("#0d2d59", "#1954a6")) +
ylim(0, 85) +
theme(legend.position = "none", axis.text = element_text(size = 14),

panel.grid.major.x = element_blank(), axis.title = element_text(size = 15),
plot.margin = unit(c(40, 5, 5, 5), "pt")) +

annotation_custom(grob = textGrob(label = label, hjust = 0, vjust = -0.625,
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gp = gpar(cex = 2.5)),
ymin = Inf, ymax = Inf, xmin = -Inf, xmax = -Inf)

gg <- ggplot_gtable(ggplot_build(gg))
gg$layout$clip[gg$layout$name == "panel"] <- "off"

# Add to plot list
plot_list[[n]] <- gg
n <- n + 1

}

sfig_17 <- grid.arrange(plot_list[[1]],
plot_list[[2]],
plot_list[[3]],
plot_list[[4]],
plot_list[[5]],
plot_list[[6]],
plot_list[[7]],
plot_list[[8]], ncol = 3)
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Supplementary figure 18

Confidence intervals for the ANOVA test in Figure 4E. For calculations, please see the section on Figure 4
(above).
# Confidence interval plot
limit <- max(abs(tukey$lwr), tukey$upr) * 1.05
sfig_18 <- ggplot(tukey, aes(x = treatment, y = diff, ymin = lwr, ymax = upr,

colour = colour.groups)) +
coord_flip(ylim = c(-limit, limit)) +
geom_pointrange(shape = 20, size = 0.3) +
geom_errorbar(width = 0.3) +
theme_bw() +
geom_hline(yintercept = 0, colour = "#4d4d4d", linetype = 2) +
theme(panel.grid.major.x = element_blank(),

panel.grid.minor.x = element_blank(),
axis.text = element_text(size = 7),
plot.title = element_text(hjust = 0.5),
legend.position = "none") +

labs(y = "Confidence interval" , x = NULL) +
scale_colour_manual(values = c("#1954a6", "#a6a6a6"))
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Supplementary figure 19

Characterisations of COSMIC variants for each cell line. The input file is not available in the supplementary
data files, as COSMIC does not allow sharing of their data (see the COSMIC website to download the data
yourself).
# Read COSMIC data
cosmic <- read.table("CosmicCLP_MutantExport.GRCh38.txt", header = TRUE,

sep = "\t", fill = TRUE, quote = "",
stringsAsFactors = FALSE)

# Fix column and cell line names
names(cosmic) <- tolower(gsub("\\.", "_", names(cosmic)))
cosmic$sample_name <- toupper(gsub("[-. ]", "", cosmic$sample_name))
cells <- c("A549", "H9", "HCT116", "HELA", "K562", "MCF7", "MDAMB231", "U2OS")
cosmic <- cosmic[cosmic$sample_name %in% cells, ]

# Keep unique SNVs
cosmic <- cosmic[grep("Substitution", cosmic$mutation_description), ]
cosmic <- cosmic[cosmic$mutation_genome_position != "", ]
cosmic$gene_name <- gsub("_ENST\\d+", "", cosmic$gene_name)
cosmic <- cosmic[!duplicated(cosmic[c("gene_name",

"mutation_genome_position")]), ]

# Group and plot COSMIC verification status
verified <- cosmic %>%

group_by(sample_name, mutation_verification_status) %>%
summarise(count = n()) %>%
mutate(prop = round(count / sum(count) * 100, 1))

gg.verified <- ggplot(verified, aes(x = sample_name, y = prop,
fill = mutation_verification_status)) +

geom_bar(stat = "identity", colour = "white") +
theme_bw() +
labs(x = NULL, y = "Proportion in category (%)",

fill = "Verification status") +
scale_fill_manual(values = c("#1954a6", "#0d2d59")) +
theme(panel.grid.major = element_blank(),

panel.grid.minor = element_blank(),
legend.position = "bottom", legend.direction = "vertical")

# Group and plot COSMIC pathogenenicity
cosmic[cosmic$fathmm_score == "", "fathmm_score"] <- "[not listed]"
pathogenicity <- cosmic %>%

group_by(sample_name, fathmm_score) %>%
summarise(count = n()) %>%
mutate(prop = round(count / sum(count) * 100, 1))

gg.patho <- ggplot(pathogenicity, aes(x = sample_name, y = prop,
fill = fathmm_score)) +

geom_bar(stat = "identity", colour = "white") +
theme_bw() +
labs(x = NULL, y = NULL, fill = "Pathogenicity status") +
scale_fill_manual(values = c("#4e8ce4","#1954a6", "#0d2d59")) +
theme(panel.grid.major = element_blank(),
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panel.grid.minor = element_blank(),
legend.position = "bottom", legend.direction = "vertical")

# Group and plot COSMIC variant types
mutation <- cosmic %>%

group_by(sample_name, mutation_description) %>%
summarise(count = n()) %>%
mutate(prop = round(count / sum(count) * 100, 1))

gg.mutation <- ggplot(mutation, aes(x = sample_name, y = prop,
fill = mutation_description)) +

geom_bar(stat = "identity", colour = "white") +
theme_bw() +
labs(x = NULL, y = NULL, fill = "Mutation type") +
scale_fill_manual(values = c("#4e8ce4","#1954a6", "#0d2d59")) +
theme(panel.grid.major = element_blank(),

panel.grid.minor = element_blank(),
legend.position = "bottom", legend.direction = "vertical")

# Plot in grid
sfig_19 <- cowplot::plot_grid(gg.verified, gg.patho, gg.mutation, nrow = 1,

labels = c("A", "B", "C"), label_size = 14,
vjust = 1.05)
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Supplementary table 3

Both the read length and the number of variants called for each dataset are confounding factors for the
correlation analyses previously performed. Here we correlate the each parameter to the similarity score, to
rule out that they contribute to the correlations between similarity score and DEG parameters.
# Get same-cell, high quality datasets
data.transc <- read.table("sdata.4.transcriptome.stats.txt", header = TRUE,

sep = "\t")
data <- data.transc[data.transc$cell.1 == data.transc$cell.2, ]
data <- data[data$sample.1 != data$sample.2, ]
data <- data[c("sample.1", "sample.2", "calls", "score", "cell.1")]
err_datasets <- c("GSE81469", "GSE77033", "GSE68471", "GSE39872")
data <- data[!(data$sample.1 %in% err_datasets) &

!(data$sample.2 %in% err_datasets), ]

# Get date metadata
metadata_full <- read.table("sdata.1.metadata.txt", sep = "\t", header = TRUE,

quote = "", fill = TRUE, stringsAsFactors = FALSE,
comment.char = "")

metadata_conf <- metadata_full[c("GSE", "LoadDate")]

# Convert dates to numeric for correlations
metadata_conf$LoadDate <- as.Date(metadata_conf$LoadDate,

format = "%d-%m-%y")
metadata_conf$time <- as.numeric(as.POSIXct(metadata_conf$LoadDate,

format = "%d-%m-%y",
tz = "GMT"))

# Merge data and metadata
data <- merge(data, metadata_conf, by.x = "sample.1", by.y = "GSE",

all.x = TRUE)
data <- merge(data, metadata_conf, by.x = "sample.2", by.y = "GSE",

all.x = TRUE)
names(data) <- gsub("\\.y", ".2", gsub("\\.x", ".1", names(data)))
data <- data[!duplicated(data[c("sample.1", "sample.2")]), ]
data$delta_time <- abs(data$time.1 - data$time.2)

# Perform correlations
cells <- c("H9", "HCT116", "MCF7", "MDAMB231", "U2OS")
corrs <- data.frame()
for (cell in cells) {

current <- data[data$cell.1 == cell, ]
cor_calls <- cor.test(current$score, current$calls, method = "pearson")
cor_date <- cor.test(current$score, current$delta_time, method = "pearson")
corrs <- rbind(corrs, data.frame(cell = cell,

cor_calls = round(cor_calls$estimate, 3),
p_calls = round(cor_calls$p.value, 3),
cor_date = round(cor_date$estimate, 3),
p_date = round(cor_date$p.value, 3)))

}

# Finalise and format
results <- as.data.frame(t(corrs[, -1]))
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names(results) <- corrs$cell
results

## H9 HCT116 MCF7 MDAMB231 U2OS
## cor_calls 0.132 -0.071 0.250 0.018 0.312
## p_calls 0.268 0.304 0.018 0.897 0.044
## cor_date 0.139 -0.139 0.138 -0.111 -0.052
## p_date 0.244 0.044 0.194 0.417 0.746

Session info

## R version 3.5.0 (2018-04-23)
## Platform: x86_64-apple-darwin15.6.0 (64-bit)
## Running under: macOS High Sierra 10.13.4
##
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